ABSTRACT: Subadult age estimation should rely on sampling and statistical protocols capturing development variability for more accurate age estimates. In this perspective, measurements were taken on the fifth lumbar vertebrae and/or clavicles of 534 French males and females aged 0-19 years and the ilia of 244 males and females aged 0-12 years. These variables were fitted in nonparametric multivariate adaptive regression splines (MARS) models with 95% prediction intervals (PIs) of age. The models were tested on two independent samples from Marseille and the Luis Lopes reference collection from Lisbon. Models using ilium width and module, maximum clavicle length, and lateral vertebral body heights were more than 92% accurate. Precision was lower for postpubertal individuals. Integrating punctual nonlinearities of the relationship between age and the variables and dynamic prediction intervals incorporated the normal increase in interindividual growth variability (heteroscedasticity of variance) with age for more biologically accurate predictions.
study sample that does not represent the normal variation of the population it originates from. Indeed, sample size should be sufficiently large, and age and sex distributions should be balanced across all ages to encompass individual and population variability equally for all ages and both sexes; (ii) not testing repeatability and reproducibility of age indicators, using inappropriate statistics to mathematically model the biological relationship existing between age and skeletal or dental indicators of age, not presenting accuracy, prediction interval (PI) levels, and error rates of the prediction models and (iii) not testing a method developed on a population with specific intrinsic variability and secular trends affecting rates of growth and development on a sample from another population with different development patterns.
These setbacks have serious consequences in forensic applications where estimated age must be sufficiently accurate, and the method used must respect specific standards, such as the Daubert criteria (21) to be valid in court (9, 22, 23) . Using robust and adapted statistics and explicitly presenting prediction intervals with known levels of confidence (typically set to a minimum of 95% in a forensic context), and standard estimation errors are therefore key to build valid age estimation methods (18) .
Several authors (23, 25, 26) have published recommendations concerning age estimation methods in biological anthropology. They insist on several statistical prerequisites, such as 95% or higher PI ranges, known standard error of estimation and known accuracy of the estimates. These authors recommend that such parameters be explicitly mentioned in publications to promote method standardization and facilitate method comparison and application and specify that other details about sample composition should also be presented. These details include sample size; age and sex of the subjects; age and sex distributions; clear definition of the age indicators used in the method; data on the reference population regarding genetic/geographic origin, socioeconomic status, state of health (depending on authors) if known and available; and a detailed description of the methods and statistics used. Verifying residual (estimated age minus real age) homoscedasticity, that is, whether residuals have the same finite variance, is rarely mentioned, but should be added to this long list of prerequisites because it is the necessary condition for valid prediction intervals (PIs) of the estimates (17, 25) . For this reason, and for the limitations mentioned above, the validity of many methods remains questionable. Moreover, the lack of respect for these methodological prerequisites complicates method evaluation, application, and comparison (24) .
Anthropological, clinical, and biological studies have shown that the processes of growth and development are subject to variability in their onset, duration, and range. This variability can be perceived at different levels (individual/population) and is most likely caused by the independent and combined actions of various intrinsic and extrinsic factors (sex, pathology, socioeconomic status, genetics, epigenetics) with various impacts (27) (28) (29) (30) . Although its components are not fully integrated and understood, variability is an inherent characteristic of these two biological processes and translates into similar patterns of variability of age indicators representing these processes (29, 31, 32) . However, due to inappropriate sampling or statistics, these patterns of variability are often not fully integrated in subadult age estimation methods (17, 18) . Consequently, both the biological and methodological validity of these methods are questionable.
A few authors have integrated normal population or sample variability in subadult age estimation models. Bayesian approaches and transition analysis can help overcome limitations concerning study samples and have been used for such purposes in a few studies using ossification stages as predictors of age (19, 20) . Stull and collaborators (18) published a new age estimation method for subadults based on a large reference sample of contemporary South African children aged 0-12 years, using long bone measurements as age indicators implemented in nonparametric multivariate adaptive regression splines (MARS) models. These models allow the integration of changes in variance or heteroscedasticity, by producing dynamic 95% PIs of changing size and values of standard estimation errors, following the pattern of growth variability of young subadults. Our previous study (17) used the same MARS models to predict age in a sample of 244 contemporary French children aged 0-12 years using four linear and bidimensional variables taken on the ilium. The models presented in that paper provided age estimates with an accuracy higher than 92% and the lowest standard errors ranging from AE0.3 to AE3.4 years. Both studies (17, 18) complied with the sampling and methodological prerequisites cited above and produced age estimates with 95% PIs and an accuracy of at least 92%. The authors also noted improved estimates in terms of accuracy and standard estimation error when using multivariate models, that is, with more than one predictor variable (18) and/or bidimensional variables such as bone modules or areas (27) which point to the same conclusion: Multivariate models (using several unidimensional variables, or bidimensional variables) seem to provide more accurate age estimates. These studies also show that continuous skeletal data seem to follow the same patterns and present heteroscedasticity for this particular age range (0-12 years), and that variability increases with age in samples representative of different population affiliations and geographic origins, and varied socioeconomic status.
Although MARS models are statistically and biologically robust, dynamic PIs and larger estimation errors could prove problematic for age estimation, especially for older subadults nearing adolescence. Growth slows down around and after puberty (1, 4, 5, 12, 29) , so skeletal measurements can lose part of their predictive power when it comes to age. Moreover, individual variability in growth rate and duration increases during this developmental phase (29) , which would most likely translate into increasingly large PIs for prediction models, should they follow and include these growth patterns. In a forensic context, although they are biologically and statistically accurate, such estimates could be difficult to interpret because of insufficient precision. Therefore, the question of the applicability of MARS models for forensic age estimation of "older" subadult individuals needs to be addressed.
As a follow-up to our previous work (17) and with the concern for improving subadult age estimation methods in mind (16) , this study has three main objectives: (i) meeting all the standard sampling, methodological and statistical prerequisites for method validity, and integrating skeletal growth variability to build biologically, methodologically, and statistically valid age estimation models; (ii) expanding the 0-to 12-year age range covered by the two previous studies using MARS models (17, 18) to a range of 0-19 years to evaluate the applicability of MARS models in a forensic context for older subadult individuals and (iii) implement new predictor variables in the MARS models for these new and older individuals, measured on the fifth lumbar vertebra and the clavicle. Variability of growth indicators (i.e., bone measurements) taken on long bones and flat bones has previously been integrated in age estimation models (17, 18) . This study aims to validate these findings and provide results for irregular bones, such as the fifth lumbar vertebra. Finally, a final set of models was built based on the 69 French individuals aged 0-12 years for whom all the lumbar, clavicular and iliac variables were available. They were used to evaluate whether or not accuracy is improved by adding additional predictor variables in the models.
Materials and Methods
The ilium, fifth lumbar vertebra, and the clavicle were chosen for this study because they each represent one of three types of bone shape (33) : flat (ilium), long (clavicle), and short/irregular bone (fifth lumbar vertebra). All three of these bones are consistently identifiable throughout development, as they present distinguishable anatomical characteristics from the fetal period onwards. Moreover, they present long periods of active growth and development ranging from the fetal period to late adolescence (12, 33) . Preservation rates of these three elements are relatively high in both archeological and forensic contexts (34) (35) (36) , so using variables measured on these elements as predictors ensures that model applicability will not be too highly dependent on skeletal preservation rates.
Sample Composition
CT scans of hospital patients living in Marseille were collected from the PACS (Picture Archiving and Communication System, McKesson Medical Imaging Group, Richmond, BC, Canada) of the Assistance Publique des Hôpitaux de Marseille (AP-HM). The CT scans were performed with a 64-row multidetector CT scan (Somatom Sensation 64, Siemens â , Erlangen, Germany). Scanning parameters were as follows: 120 KV, 50-150 mAs, thickness: 0.6 mm. All CT images and personal patient information were anonymized before collection following the personal privacy standards of the French National Ethical Committee and the Helsinki Declaration of 1975, revised in 1983. This procedure is the standard protocol for retrospective research studies involving medical images. CT examinations of the individuals were selected to include at least one of the three regions of interest: the scapular girdle, and the lower abdominal and pelvic regions. To be included in the study, individuals had to be younger than 20, as it is the earliest age mentioned in literature of initial fusion of the sternal end of the clavicle (12, 33) , after which individuals can no longer be categorized as subadults sensu stricto; exempt of any pathologies that could affect or directly concern skeletal growth and/or development; and not present any fractures that could prevent from taking skeletal measurements. Precise genetic/geographic origin and socioeconomic status of the individuals were unknown. The CT image sets of a total of 525 individuals aged 0-19 years were collected for this study. The CT sets of 69 of the 244 individuals aged 0-12 years collected for the previous study using the ilium (17) also included the scapular girdle and lower abdominal regions. Therefore, every individual was represented by either one, two, or all three skeletal elements (left and right bones for the ilium and clavicle; Tables 1  and 2 ). Age was calculated in decimal years as the difference between date of birth and date of CT examination.
Four training samples were established (Tables 1 and 2 ) for building the prediction models: one with the iliac data, one for the lumbar data, one for the clavicular data, and one with data from all three bones. Each training sample was composed of 70% of the total sample for the corresponding bone.
Uniformity of age and sex distributions in all three training samples was assessed by plotting the cumulative probabilities of age of the individuals against chronological age according to sex (Fig. 1) .
The bone surfaces of the left and right ilia, the fifth lumbar vertebra, and/or the left and right clavicles were virtually reconstructed from the sets of CT scans for the individuals from Marseille after semi-automatic segmentation of the CT slices using the Half Maximum Height (HMH) method (37) and segmentation tools of the Avizo â Software.
Predictor Variables
A total of 19 variables were measured on the virtually reconstructed bone surfaces obtained using tools of the Avizo â and/or ImageJ â software (38) . The four variables measured on the ilia, the five variables measured on the clavicles, and two of the ten lumbar variables (AVH and UVW) are well-known anthropological and/or osteological measurements defined by several authors (39-41) on adult bones. Matching measurements taken on subadult and/or fetal bones were also defined or used in previous works by different authors (42) (43) (44) (45) (46) (47) . Six of the ten biometric variables measured on the fifth lumbar vertebra were used in a geometric medical and anthropometric study of CT scan slices of adult lumbar vertebrae (48) and a morphometric study of dissected subadult lumbar vertebrae (49) .
Unidimensional variables were obtained by calculating the Euclidian distance between two landmarks placed directly on the bone surfaces in Avizo â (Fig. 2) , using the formula for vector length or by geometric construction using the ImageJ â Software (17, 42, 43) . Bidimensional variables were calculated as the product of two unidimensional variables (e.g., IM) or obtained by geometric construction (e.g., IA). Definitions of the 19 variables used for age prediction can be found in Table 3 .
Four variables were measured on both the left and the right ilia of individuals aged 0-12 years (17): Two unidimensional variables each defined by two landmarks and two bidimensional variables (Fig. 3) . Because acetabular fusion starts between the ages of 11 and 14 (12, (50) (51) (52) , the Inferior Acetabular Point (IAP), one of the landmarks needed for measuring iliac width (Table 3) could not be reliably identified for older subjects. Therefore, iliac variables were only measured for individuals aged 12 years or younger.
Ten variables were measured on the fifth lumbar vertebral bodies of individuals aged 0-19 years ( Fig. 3) : Eight unidimensional variables defined by a total of eight landmarks (two each) and two bidimensional variables. Six of these lumbar variables (UVL, UVW, LVL, LVW, PVH, and AVH) were adapted from previous anthropometric and morphometric studies of the lumbar spine (48, (53) (54) (55) (56) .
Five unidimensional variables were measured on the left and right clavicles of individuals aged 0-19 years. Two were defined by four landmarks (two each), placed on the anterior, posterior, superior, and inferior faces at clavicular midshaft, and three were obtained by geometric construction (Fig. 3) . Geometric diameters Max_diam and Min_diam represent the maximum and minimal axes (respectively) passing through the center of an ellipse representing the midshaft section of the clavicle. For more information on the protocol for data acquisition, the authors refer to the corresponding publications (17, 43) .
Preliminary Statistics and Considerations
Variable Consistency, Intra-and Interobserver Errors-Intraand interobserver measurement errors of landmarks and predictor variables were assessed in a previous study (43) using BlandAltman plots, intraclass correlation coefficients (ICC), Technical Error of Measurement (TEM), and %TEM. All unidimensional variables presented with differences of less than 1 mm and variables presented with %TEM values below 5%. Variable consistency was always higher than 95%.
Testing for Sexual Dimorphism, Bilateral Asymmetry, and Collinearity-Paired and independent t-test or Wilcoxon tests were applied on the training samples to assess the presence of bilateral asymmetry for the clavicular and iliac variables and sexual dimorphism of all 19 variables, respectively. Tests for bilateral asymmetry of the variables were performed for all individuals, for each annual age group and for each sex separately. p-values were adjusted accordingly using the Bonferroni type adjustment (57): p-value<0.0056 for bilateral asymmetry and p-value<0.0026 for sexual dimorphism.
Collinearity of the variables was assessed using pairs plots. High collinearity can cause similarity between all models adjusted to the same data, making it difficult to decide which variable is a better predictor of age than another when constructing multivariate models.
Choosing Nonparametric Models for Age Prediction-Age estimation of individuals aged 0-12 years using the same four iliac measurements has already been attempted in two previous studies (17, 46) . A "classical" forward regression of age against the variables was used by constructing Ordinary Least Squares (OLS) models. In these studies, variance homogeneity between 
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annual age groups was assessed using Bartlett's test and showed that variance varied in all age groups for all variables (p > 0.05). Moreover, these models systematically led to residual heteroscedasticity, dependence, and autocorrelation, and are therefore not suitable for age estimation: The associated prediction intervals would be invalid because they depend on constant residual variance, independent, and normally distributed residuals. As a result, Weighted Least Squares (WLS) models and various transformations of the independent (x) and/or dependent (y) variables were attempted in these studies to deal with these issues. However, neither of these alternatives proved successful at tackling the problems at hand (17, 42) . All lumbar and clavicular variables show the same patterns as the iliac variables did in these previous studies: Bartlett's test showed heterogenous variance in different age groups (p > 0.05), and variance increased with age. For this reason, Bayesian approaches could not be attempted either as conditions for validity were not met either. Therefore, a nonparametric approach using multivariate adaptive regression splines (MARS) models was also attempted with these variables to construct age prediction models.
Age Prediction Models
Multivariate adaptive regression splines provide nonparametric regression models, without assuming a linear relationship between the dependent and independent variables (58, 59 ). These models incorporate several types of functions (linear, but not exclusively). MARS identifies a "mean" function modeling the relationship between y (age) and x (variable(s)) using piecewise linear basis functions. The models are first constructed by a forward pass, returning a set of basis functions, for each predictor variable, called the basis matrix, and second, by a pruning pass that finds the subset of terms (functions) of the basis matrix with the "best" model parameters: Generalized Cross Validation (GCV), Cross-Validated R-Squared (CVRSq), average prediction error. The resulting function is built around "hinge" points. These hinge points correspond to nonlinearities of the relationship between age and the variables. Therefore, MARS subdivides the range of the predictor variable into several regions limited by the hinge points of the function, or knots, called h i . The knots represent changes in the slope of the transition between polynomials (60,61). The retained knots are the ones providing the best fit. The coefficients of the final function are estimated by minimizing the Residual Sum of Squares (RSS). The resulting function takes the form of a constant and a hinge function or a combination of hinge functions, as follows:
Prediction accuracy of MARS models was estimated using Generalized Cross Validation (GCV), which estimates how performant the model would be on new independent data. The GCV is a penalized Residual Sum of Squares (RSS), where the RSS is penalized by the complexity of the model. The GCV is used internally by the MARS algorithm to select the set of basis functions that perform best on new data without overfitting the training data.
No actual cross-validation is carried out to calculate the GCV. However, as an independent measure of prediction accuracy, actual cross-validation of the MARS models with the n-fold argument of the function was conducted. The principle of crossvalidation, "leave-one-out," that is, to separate the sample into nfold subsets with the same number of iterations and fit a model on all but one of the subsets (the out-of-fold subset). In this way, the model is tested on different independent training sets. The n-fold value is usually equal to 5 or 10 (60); n-fold = 5 was chosen here to have an out-of-fold subset of approximately 20% of each training sample. This process is repeated ten times by 0  7  3  1 0  3  2  5  0  0  0  1 5  1  2  5  7  0  3  3  1  2  3  13  2  4  3  7  1  1  2  1  1  2  11  3  3  3  6  2  1  3  2  0  2  11  4  3  1  4  2  0  2  2  2  4  10  5  3  3  6  1  1  2  2  1  3  11  6  3  3  6  1  1  2 setting the argument n-cross to 10 in the model, so the measure of prediction error is averaged across all out-of-fold predictions.
After averaging many models from the data, an average estimate of R-Squared (Cross-Validated R-Squared, or CVRSq) using the n-fold and n-cross arguments, and an estimation of the variation across folds (average prediction error) using crossvalidation were obtained (59) (60) (61) (62) (63) . Finally, MARS models allow the calculation of valid dynamic prediction intervals (PI), taking residual heteroscedasticity, that is, changes in variability into account: The size of the PIs increases as variability increases.
Univariate/simple (using one variable as age predictor) and multivariate/multiple (using several or all variables as age predictors) models were built on each of the three bone-specific training samples presented above and the training sample combining all 19 variables (Table 2 ). Models were built by default on left measurements to avoid overrepresenting individuals and skewing the results. If left measurements were unavailable and the corresponding variables did not present with any bilateral asymmetry, the right measurements were included in the training samples.
Cross-Validated R-Squared, standard deviation across folds, GRSq, accuracy, variable importance in multivariate models and prediction interval sizes were compared to assess model performance. All prediction intervals were set at a 95% level.
Test Samples
Several test samples were used to evaluate the prediction models.
The four test samples consisted of 30% of the individuals from Marseille that were not included in the four training samples (Tables 1 and 2 ). Variables were obtained following the same protocol as for the training samples for the individuals in the test samples from Marseille.
Eighty-two individuals from the early 20th-century osteological reference collection Luis Lopes hosted in the Bocage Museum in Lisbon (Portugal) and aged 0-19 years were also used as an external test sample. These individuals lived in Lisbon and died between 1900 and 1960, during political and socioeconomic hardships (27, 64) . Because of poor urban environment and overpopulation, health conditions were also bad, and many of the individuals in the sample suffered from various pathologies at the time of death, with numerous cases of acute or chronic infections such as tuberculosis, congenital anomalies, inflammatory diseases and trauma (17, 64) .
Depending on preservation rates, variables of the ilium, fifth lumbar vertebra, and/or the clavicle were measured directly on one, two or all three of the elements of the individuals (Table 2) using a sliding caliper with 0.001 mm precision. Bidimensional variables were calculated, and Ilium Area (IA) was obtained by detouring a zenithal digital photography of the medial surface of the ilium and calculating its value using the ImageJ â Software following previously published protocols (43) .
The GRSq, the CVRSq, the standard estimation error (SE) and 95%PI sizes obtained for the models were used to evaluate prediction accuracy and precision and model applicability.
Results

Variable Characterization
Bilateral asymmetry was statistically significant for ilium module (IM) and maximum clavicular length (Ln; pvalue < 0.001) for pooled age groups and sexes. When tested separately for each sex, bilateral asymmetry for Ln was present for both sexes, with slightly higher values for males (p < 0.05, maximum difference between left and right measurements inferior to 1.4 mm). When tested separately for each annual age group, Ln only present significant bilateral asymmetry from 17 years onwards (p < 0.01, mean differences between 1.29 and 1.56 mm, 95% IC of differences ranging between À1.45 and 4.18 mm for all three age groups). Lumbar variables FIG. 2--Landmarks placed on the virtual bone surfaces used to define and measure age indicators. Landmark definitions can be found in Table 2 .
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representing lateral height of the body (RVH and LVH) present slight bilateral asymmetry. For significant tests, differences between iliac and other clavicular left and right measurements were usually less than 1 mm with right bones being overall smaller than left ones.
Sexual dimorphism is significant for all lumbar variables during the prepubertal phase (9-13 years) and adolescence (14-19 years) and all clavicular variables during early childhood (0-5 years) and the pubertal period and adolescence (10-19 years; p-value < 0.0026).
All variables taken on the same bone were highly collinear (e.g., Fig. 4) , meaning results involving multivariate models should be considered with caution.
Age Prediction Models
Cross-validation enabled the calculation of mean GRSq and CVRSq values (Fig. 5) , as well as the best-fitted model with a specific number of terms in the regression equations, for all models and variables.
Overall, prediction intervals (PIs) are comparable for all univariate models using iliac variables for age prediction. In comparison, smallest PI sizes are smaller, but largest PI sizes are larger for bivariate and multivariate models. Accuracy is higher than 94% for all models, and GRSq are higher than 0.923. CVRSq, standard deviation across folds, and GCV values are comparable between univariate and bi-or multivariate models. The greatest distance between two points at midlength of the total length of the clavicle, perpendicular to the principal axis of the bone shaft and passing through the center of the ellipse formed by the midshaft section of the bone Min_diam (Minimum diameter at midshaft)
The smallest distance between two points at midlength of the total length of the clavicle, perpendicular to the principal axis of the bone shaft and passing through the center of the ellipse formed by the midshaft section of the bone AP_diam (Antero-posterior diameter at midshaft)
The distance between the two landmarks marking the middle of the anterior side and the middle of the posterior side at midlength of the bone shaft (Ant and Post) SI_diam (Supero-inferior diameter at midshaft)
The distance between the two landmarks marking the middle of the superior side and the middle of the inferior side at midlength of the bone shaft (Sup and Inf) *Indicates variables expressed in mm 2 . For details on landmark location, refer to Fig. 2 . For visualizing the variables, refer to Fig. 3 . Table 2 .
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FIG. 3--Age indicators measured on the ilia (four variables), fifth lumbar vertebra (ten variables), and clavicles (five variables). Variable definitions can be found in
CORRON ET AL. . MULTIVARIATE MODELS FOR SUBADULT AGE ESTIMATION 41
However, the multivariate model using all four variables as predictors has a very low CVRSq and a very high value of standard deviation across folds (Table 4) .
Smallest PI sizes are found for lumbar models using UVL and RVH, and univariate models in particular; largest PI sizes are the smallest (i.e., models are the most precise) for the four height variables. Accuracy is higher than 95% for all models, and GRSq are comprised between 0.777 (univariate model using LVW as predictor) and 0.938 (model with all variables as predictors).
Regression parameters are comparable between univariate and bi-or multivariate models, with two exceptions: the bivariate model using UVL and UVW as predictors and the multivariate model using all ten lumbar variables. These two models also present the lowest CVRSq values, high standard deviation across folds, and extremely large PI sizes (Table 5) . Standard deviation values of CVRSq across folds are low and comparable for all other models. PI sizes are comparable for univariate, bivariate and multivariate models (Table 5) , especially the largest PI sizes. Smallest PI sizes are found for models using UVL, RVH, UVL + LVL, and upper and lower variables. Length variables UVL and LVL and upper variables are more important for the models when used with other variables. Bidimensional variables UVM and LVM are always more important in bivariate and multivariate models. Overall, PI size is much higher for models using clavicular diameters as predictors. Accuracy is higher than 95% for all models, and GRSq are higher than 0.786. Regression parameters are comparable between univariate and bi-or multivariate models. Eleven models present high CVRSq values, and low standard deviation across folds (lower than one): the five univariate models, five of six bivariate models, and one multivariate model (Table 5 ). Smallest and/or largest prediction interval sizes are too large to provide precise age estimates for the univariate models using clavicular diameters, three of the five bivariate models and for the retained multivariate model. In this case, the best models according to regression parameters are the univariate and two bivariate models including Ln as a predictor: Ln, Ln + SI, and Ln + Min. Considering all parameters, the best estimations are obtained using iliac width, module and area (IW, IM, and IA, respectively) the left and right lateral height of the vertebral body (RVH, LVH), and maximum clavicular length (Ln; Fig. 6 ). The corresponding equations for age prediction using these variables can be found in Table 6 .
The model including all 19 age indicators provided a CVRSq value of 0.924, which is comparable to the highest scores provided by several univariate models. PI sizes range from 1.661 to 6.5735 years, and accuracy is extremely high (97.8%), but comparable to other less complex models. The variables that contribute to this model are the ones that had already been identified as such in bivariate and other multivariate models: the three iliac variables IL, IW, and IM; the three lumbar variables LVM, AVH, and RVH, and maximum clavicular length Ln. This confirms their high predictive power in univariate and multivariate models.
Univariate MARS models using bidimensional iliac data (IM and IA), maximum clavicular length (Ln) and right and left lateral vertebral heights (RVH and LVH) gave overall the most accurate (≥92%) age estimates for both the Marseille and Luis Lopes test samples. The abacuses presenting the mean, minimum, and maximum estimates of age (95% PIs) can be found online in the Appendix S1.
Age Predictions on Test Samples
Univariate and multivariate MARS models provide good results when applied to the test sample from Marseille: All GRSq and CVRSq values are high, accuracy is higher than 94%, standard errors are between 0.011 and 4.045 years and PI sizes range from 0.867 years for the lowest to 6.388 years for the largest with iliac models. The differences between these parameters for univariate and multivariate iliac models do not appear significant, which means that multivariate models only slightly improve the estimates. The same thing can be said for the models built with lumbar and clavicular variables, although the PI ranges are much more important for both the smallest and largest PIs. The exceptions to this trend are the models using all four iliac variables (CVRSq = 0.295 and largest PI size = 14.369 years), all clavicular variables and some of the lumbar and clavicular diameters that present with PI sizes that are too large to be used for precise or accurate age estimation (Table 5 ).
When tested with the variables measured on the bones of the individuals of the Luis Lopes collection, the models generally underestimated age. Plots of real age, mean estimated ages and corresponding prediction intervals (PIs) show that real age is sometimes much higher than the PIs (Fig. 7) . Univariate models provide lower values of RSq, similar residual means, and higher residual standard deviation values, compared to the values obtained on the Marseille test sample for iliac, lumbar and FIG. 6--The six univariate MARS models providing the best accuracy and smallest prediction intervals in the Marseille test sample. Hinge points correspond to punctual nonlinearities of the relationship between age and predictor variables. The increase in individual variability with age is shown with the increase in size of the prediction intervals (gray area).
TABLE 6--Equations of the "best" MARS models: smallest PI sizes and highest accuracy. (Table 7) . Once again, the bidimensional variable IA provides the best results for the residual mean and standard deviation: Bland-Altman plots show that more than 90% of the residuals are dispersed within the 95% confidence interval (Fig. 7) . IW provides the highest RSq value and generally contributes more to multivariate models than IL. Iliac models have an accuracy between 69.2% and 80.8% for this sample. Univariate models using IW and IA, the two bivariate models using IW and IA and IL and IA and the multivariate model using all four iliac variables give the best results ( Table 7) . Performance of the models using lumbar height variables is greater than with the other variables, especially for lumbar height variables AVH, RVH, and LVH (Table 7) . Parameters are comparable to or better than those obtained with the Marseille test sample: Residual means are comparable and residual standard deviations are lower, particularly with RVH and AVH as predictors. Models have a maximum accuracy of 95.3%, with AVH as a predictor. Plots of age against all four height variables with the associated mean estimates and prediction intervals show a better fit to the data, although age seems slightly overestimated for younger individuals when using LVH or AVH as predictors. The univariate, bivariate and multivariate models using lumbar height variables also give the best results on this test sample.
The model using Ln as a unique predictor is the only univariate model to have a high RSq and a low residual mean. However, residual standard deviation is high and the model has a 79.6% accuracy rate (Table 7) . Overall, univariate, bivariate and multivariate models using maximum clavicular length (Ln) give the best results on the Luis Lopes collection, the two most accurate being the univariate model using Ln and the bivariate model using Ln and Min_diam (Table 7) .
Discussion
MARS models provide more precise results (smaller PI sizes) with the iliac variables than with the lumbar and clavicular variables. There can be two reasons to explain this: First, iliac variables could be better age indicators than lumbar or clavicular variables. Although no studies were found in which vertebral measurements were used for age prediction of postnatal subadults, subadult age estimation using clavicular measurements is of comparable accuracy than age estimation using iliac measurements (17, 44) . The second reason concerns the age range covered by the two samples used to build the iliac models on one hand, and the lumbar and clavicular models on the other hand. Iliac models only concern individuals younger than 12, whereas lumbar and clavicular models apply to individuals aged up to 19 years. It seems highly probable that the majority of the expansion of interindividual variability in bone shape and size lies in these 7 years. During this phase, growth slows down and epiphyseal fusion is extremely active (12, 33) , with interindividual variability in size reaching its maximum once that period is over. Therefore, MARS models built on predictor variables covering that range integrate a much higher rate of individual variability than models limited to younger individuals. Indeed, the MARS model built on all 19 predictor variables, which is also limited to the 0-12-year range, presents with much lower PI sizes. As such, MARS models provide accurate and precise FIG. 7--Example of mean estimates and 95% prediction intervals of age for the individuals of the Luis Lopes test sample. Top: Models using IW, LVH, and Ln as age indicators provide the highest accuracy and smallest prediction intervals (PIs). Bottom left: Residuals are distributed within a 95% confidence interval on Bland-Altman plots. Bottom right: Some prediction models, such as the one using AP_diam, present extremely large PIs and greatly underestimate age, which invalidates them for subadult age estimation in that sample.
estimates of age using skeletal measurements until growth variability becomes so important that the estimates can no longer be sufficiently precise for forensic anthropology.
Bivariate and multivariate models only gave slightly better or comparable results to univariate models on the independent test samples, and do not significantly improve age prediction. This could be because of the extremely high collinearity between our variables, which makes it difficult to determine which ones are the best predictors of age. However, the prediction errors obtained with the MARS models were lowest when using bidimensional as a predictor and smaller PI sizes were lowered in multivariate models using several unidimensional variables and/ or bidimensional data. As previously concluded by Stull and collaborators (18) , this could indeed mean that multivariate models and multivariate or combinatory data provide more accurate predictions of age for subadults.
The highest prediction errors found for valid and applicable MARS models were obtained on the Luis Lopes test sample using maximum clavicular length as a predictor (mean prediction error of AE1.75 years). The study of Stull and collaborators on modern South African children aged 0-12 years gave prediction errors of "AE0.084 years" to "AE5 years" for their MARS models using long bone measurements as age indicators (18) . Their models were not tested on independent samples from different populations presenting different variability. The accuracy of our MARS models is comparable to or better than other subadult age estimation methods applicable to individuals of the same age range and respecting the same sampling and methodological parameters as our study. The sizes of our 95% PIs remain better or at the very least comparable to those of other subadult age estimation methods (65) (66) (67) (68) (69) (70) . Most importantly, MARS models are adapted to age-related changes in variability that follow similar patterns for various types of bone elements (long bones, flat bones, and irregular bones) (18) . The predictor variables all present similar patterns of variation and heteroscedasticity (Figs 5 and 6), indicating that their growth patterns could also be similar.
Both variables and model residuals present with the same type of variability as seen in other contemporary populations for long bone lengths and breadths (18) : Interindividual variability increases with age, and residuals are heteroscedastic. It is interesting to note that interindividual variability of the clavicular variables increases quite dramatically after the first 2 years, a phenomenon that has been previously observed (71) . This was indeed detected by an increase in PI size of the MARS models after that phase. In this case, adding more redundant variables to the MARS models is not likely to improve the estimates, as the algorithm cannot clearly rank their predictive power (60) . Because of this and to promote user-friendly methods, univariate models were selected to be used for age prediction (Table 6) . Interindividual variability shows a significant increase after 10 years of age for the ilium, and during puberty after that for the lumbar and clavicular variables (72) (73) (74) . This is illustrated by an increase in residual variance of the age estimation models. This could be correlated to the variability of the onset of puberty and the age at which the pubertal growth spurt occurs, a phenomenon observed by several authors (75, 76) that is also explained by the appearance or increase in sexual dimorphism around the ages of 10-12.
Sexual dimorphism and sex in general is a factor known to influence growth and development patterns and rates for their entire duration, especially during the prepubertal period (29, 72, 77) . The significant sexual dimorphism observed for the Residual SD, residual standard deviation. *Accuracy is measured as the percentage of individuals whose real age fell within the PIs.
lumbar and clavicular variables corroborates sexual bimaturism of long bone growth (72) . It seems sexual bimaturism is also present in growth of the lumbar vertebral body. Because they should logically reflect the biological reality of this sexual bimaturism in skeletal development, sexed age estimation models would probably provide better accuracy (12, (78) (79) (80) . Because sex cannot be estimated with sufficient reliability or accuracy from subadult skeletal or dental elements (4, 12, 33, 81) , unisexed models were developed to favor applicability. The downside of pooling the sexes is a decrease in predictive accuracy: The variability of the onset of sexual dimorphism and, more importantly, of its degree of expression in older subadults could be limiting factors to increasing model accuracy and are certainly involved in these larger PI sizes. Statistical tests showed that bilateral asymmetry was significant for maximum clavicular length (Ln) from 17 years onward and for ilium module (IM) from 0 to 12 years. However, mean differences between left and right measurements are always smaller than 1.56 mm, and 95% confidence intervals for these measurements range from negative to positive values. This means that there is no consistent pattern of asymmetry (the left clavicle is not systematically longer than the right one) Bilateral asymmetry is known for adult clavicles with the left clavicle being longer but less robust than the right, especially for males (33, (82) (83) (84) . Previous studies have found bilateral asymmetry to be present during growth and development of long bones, reflecting various readjustments and changes in proportions (85, 86) which can also be related to muscle development and activity where the clavicle is concerned (84) . Bilateral asymmetry of bidimensional iliac data could also be correlated to these same growth changes and readjustments, along with additional factors that could influence posture and skeletal development of the pelvic girdle (87) . This study did not clearly confirm the presence or absence of bilateral asymmetry during skeletal growth, or its association with sex. Therefore, although our age estimation models were built by default on the left innominate bone and clavicle, the use of right bones in case of missing or unusable left ones could be attempted. However, because asymmetry seems to develop with age (84, 88) , which our findings tentatively confirm, using right bone measurements should be taken cautiously for older postpubertal subadults: Slight underestimations of age may occur when using the right bones instead of the left.
Despite their good predictive power on the Marseille sample, MARS models were not sufficiently accurate or precise for estimating age of the individuals from the Luis Lopes sample. For instance, using maximum clavicular length as a predictor are invalid for precise age estimation on the Luis Lopes sample: The formulae of the bivariate models are constants for younger individuals, and residual standard deviations calculated on the Luis Lopes sample are too high. However, the univariate model performs very well on the test sample from Marseille, so it is still useful for age estimation in that population.
Most of the individuals from the Luis Lopes sample suffered from long-term pathologies at their time of death and lived in an economically impaired and polluted environment, which certainly had an impact on normal skeletal growth and maturation (27, 64, 89) . By extension, this had a significant influence on age indicators and estimates (90) . As previously mentioned, socioeconomic status (SES), living conditions, overall health, and/or geographic origin and other demographic parameters can influence skeletal growth and development (27, (91) (92) (93) (94) and therefore impact skeletal age indicators and resulting age estimates (90, 95) . Secular trends also probably led to changes in growth ranges and patterns between these two populations (19, 20, 88, (96) (97) (98) (99) (100) (101) (102) . This indubitably means that individuals from medicalized contemporary populations like the one from Marseille will not present the same growth patterns as individuals from an early 20th-century Portuguese population. These differences are reflected in skeletal measurements and the age estimates they are based on are therefore bound to be divergent (27, 64, 95, 97) . Despite these setbacks, this collection was one of the few limited choices for dry bone referenced subadult skeletal material. It also enabled us to test both the applicability of the models on dry bone and their validity for age estimation on different populations.
If these factors of influence are comparable in range and combinatory power in different populations, they should presumably influence growth and development of individuals in the same way, so these models could possibly give comparable results in populations of comparable demographic structure. This could explain the good results obtained for the test sample from Marseille, which presented with comparable SES and living conditions as the training samples, and the invalid results obtained for the Luis Lopes collection, composed of individuals who suffered economic hardships and poor living conditions, as well as frequent and often deadly diseases (27, 95) . A preliminary study was performed to test the age estimation models based on the iliac variables measured on a small sample of 30 individuals aged 0-12 years from Toulouse, France. Iliac data were acquired from CT scans collected in public hospital databases. The populations living in both Toulouse and Marseille present with comparable living conditions (socioeconomic status, overall health), nutritional status and access to health care. On this external test sample, prediction accuracy was higher than 90% and reached 100% with multivariate models (17) . Therefore, it would seem the accuracy of age estimates is likely influenced by socioeconomic status. This hypothesis needs to be tested on several samples from various populations presenting with diverse socioeconomic backgrounds to be confirmed.
After this study, we cannot conclude on the necessity of population-specific or global models (9) . However, we can confirm that individual-and population-leveled factors (sex, geographic origin, socioeconomic status, health, etc.) can impact age estimates, although we cannot precisely define the role of each factor. A larger more varied sample would be necessary to construct and compare population-specific and global age estimation models to answer that question. However, this study has shown that even when using robust statistically and biologically valid approaches for age estimation such as MARS models, growth variability becomes too important to provide precise age estimates for postpubertal subadults using skeletal measurements. Although the reliability and accuracy of the estimates are sufficiently high, this lack of precision limits model applicability for older subadults in a forensic context (3) (4) (5) 9) .
Despite this, MARS can provide accurate and precise estimates of age for prepubertal subadult individuals, based on limb bone measurements (19) , measurements of the ilium (17) , or measurements of the clavicle or fifth lumbar vertebra. Including multiple variables in the models only slightly improved accuracy rates and decreased PI sizes (19) . However, univariate or multivariate models based on at least one bidimensional variable (IM, IA, LVM, UVM) were always better than models that were not. Moreover, these variables were systematically retained in multivariate models (Tables 4 and 6 ), which proves the importance of their predictive power.
Conclusion
This study presents new subadult age estimation models for individuals aged 0-12 or 0-19 years, using variables taken on the ilium (ilium width, module, and area) and on the fifth lumbar vertebra (left and right vertebral body heights) and clavicle (maximum length), respectively. These models respect a valid and standardized sampling protocol, were constructed using robust and valid statistics (accuracy >90%, 95% PIs for age estimates) and integrate the normal biological increase in individual skeletal growth variability with age to provide more accurate and biologically compatible age estimates. Indeed, nonparametric MARS models were initially chosen because parametric prediction models invariably produced heteroscedastic residuals, but they are better fit to model and integrate the variability of changes in growth patterns and the relationship between age and biometric data. It is important to note here that these models can only be applied if measurements taken on the bones of unknown individuals fall within the range of values covered by the study samples. No extrapolation is possible and would lead to invalid PIs.
This study also enabled the collection of a large reference dataset for subadult age estimation, consisting in the CT scans of various skeletal regions of more than 500 individuals of known age and sex, which is relatively considerable in biological anthropology.
Because variables are consistent when taken on dry bones or virtual bone surfaces of the ilium, clavicle, and fifth lumbar vertebra (34, 35) , method applicability is assured on both media of study. Therefore, the MARS models presented here can be used with measurements taken on dry bones or CT scans, provided the definitions of these variables are respected (i.e., landmarks are clearly identifiable). These models can be used for subadult age estimation in a bioarcheological context until late adolescence but should be limited to preadolescent individuals in a forensic context. Indeed, the oversized PIs obtained for older subadults are of no use in a forensic context where estimates need to be precise as well as accurate. For these older subadults for whom growth is slowing down but the fusion of long bones epiphyses is particularly active, MARS models could benefit from the inclusion of epiphyseal fusion stages to help narrow PI size.
